Assessing the genetic contribution of Neanderthals to non-disease phenotypes in modern humans has been difficult because of the absence of large cohorts for which common phenotype information is available. Using baseline phenotypes collected for 112,000 individuals by the UK Biobank, we can now elaborate on previous findings that identified associations between signatures of positive selection on Neanderthal DNA and various modern human traits but not any specific phenotypic consequences. Here, we show that Neanderthal DNA affects skin tone and hair color, height, sleeping patterns, mood, and smoking status in present-day Europeans. Interestingly, multiple Neanderthal alleles at different loci contribute to skin and hair color in present-day Europeans, and these Neanderthal alleles contribute to both lighter and darker skin tones and hair color, suggesting that Neanderthals themselves were most likely variable in these traits.
Introduction
Interbreeding between Neanderthals and early modern humans has been shown to have contributed about 2% Neanderthal DNA to the genomes of present-day non-Africans. This Neanderthal DNA has apparently had both positive and negative effects. Together with the rapid decrease in Neanderthal ancestry after introgression, the depletion of Neanderthal DNA around functional genomic elements in present-day human genomes suggests that a large fraction of Neanderthal alleles are deleterious in modern humans. [1] [2] [3] [4] However, recent studies have also identified a number of introgressed Neanderthal alleles that have increased in frequency in modern humans and that might contribute to genetic adaptation to new environments. Adaptive variants in genes related to immunity, skin and hair pigmentation, and metabolism have been identified. [4] [5] [6] [7] [8] [9] [10] [11] The majority of Neanderthal alleles in the genomes of people today are, however, not strongly adaptive and are therefore present at low frequencies (<2%) in presentday populations. To date, the number of individuals for whom genotype and phenotype information is available has been limited, making it difficult to study archaic alleles that are at such low frequencies or to link them to phenotypic variation. A recent study used the electronic medical records and genotypes of 28,000 individuals to address the contribution of these less frequent Neanderthal alleles to clinical traits in modern humans. It showed that a large number of Neanderthal variants at different loci influence risk of a number of disease traits, including depression, skin lesions, and blood-clotting disorders, and that Neanderthals contributed both risk and protective alleles for these traits. 12 However, evaluating the broader contribution of Neanderthals to common phenotypic variation in modern humans, or inferring Neanderthal phenotypes, has not been possible largely because of the limited number of studies that collect genotype data together with common phenotype information.
In addition to collecting genotype data via a custom genotyping array, the UK Biobank has collected baseline phenotypes, including traits related to physical appearance, diet, sun exposure, and behavior, as well as disease, for more than 500,000 people. 13 The pilot dataset including genotypes and phenotypes for more than 150,000 of the individuals was recently made available for study. Using these data, we studied the contribution of Neanderthals to common human phenotypic variation in 112,338 individuals from the UK Biobank to determine the set of traits to which Neanderthals have contributed and to evaluate the relative contribution of archaic and non-archaic alleles to common phenotypic variation in modern humans.
Material and Methods

Datasets from the UK Biobank
We obtained genotype and phenotype data from the pilot phase of the UK Biobank project. 13 Genotyping was performed with two arrays (UK BiLEVE and UK Biobank Axiom) that share 95% of markers, resulting in a merged dataset with genotype information for 152,729 individuals across 822,111 genomic sites.
with at least one aSNP, we selected a random aSNP as the tag SNP. In clusters without aSNPs, we chose a random tag SNP. Non-archaic SNPs and aSNPs with no other SNPs in high LD were defined to be their own tag SNP. We identified a total of 534,341 tag SNPs, of which 6,671 were of putative archaic origin and 527,670 were of non-archaic origin.
To ensure a robust correlation between genotypes and phenotypes, we required each tag SNP to have a reasonable representation of both alleles. We therefore kept all tag SNPs where at least 100 individuals were heterozygous and at least 20 were homozygous for the minor allele, resulting in 6,210 archaic-like tag SNPs and 439,749 non-archaic tag SNPs.
Phenotype Data
Baseline phenotype data were available for different subsets of individuals (Table S1) . Of these phenotypes, we used the 136 (including diet, cognitive functions, physical measurements, and self-reported medical conditions) for which data were available for at least 80,000 individuals (Table S1 ). We excluded phenotypes with complex measurements (e.g., electrocardiography). Phenotypes were represented either in categorical form (72 phenotypes) or as continuous variables (64 phenotypes) ( Table S1 ).
Correlation of Genotype and Phenotype Data
Linear or logistic regression is typically used in association testing to account for potentially confounding covariates such as sex, age, and ancestry; however, applying this standard approach to the UK Biobank is challenging because some of the phenotypes are represented in categorical form for two or more categories, whereas other phenotypes are continuous. Linear regression or generalized linear models are widely used for continuous variables and require knowledge of the distribution of data to be modeled. This distribution is likely to differ between phenotypes, and its assessment is not always trivial.
Logistic regression is typically applied to binary phenotypes, such as disease phenotypes. However, many of the categorical phenotypes in the UK Biobank have more than two categories and therefore cannot be transformed into binary data. Another option is to use a multinomial logistic regression, which would require testing each of the categories independently and would vastly increase the complexity of the analysis. We therefore used the chi-square test (for categorical data) and Spearman's correlation (for continuous data) because these statistics make fewer assumptions and are directly applicable to the two classes of phenotypes (categorical and continuous) in the UK Biobank. We excluded categorical data categories for which fewer than 1,000 individuals were available. However, neither test accounts for covariates such as ancestry, age, and sex. There is a strong correlation between ancestry and the presence of Neanderthal alleles. We therefore carefully selected individuals with very little variation in ancestry. There is no a priori reason to assume any correlation between Neanderthal ancestry and factors such as age and sex (and no previous study has shown such a correlation). We explicitly tested the impact of these factors on our results by (1) comparing results of linear models with and without covariates and (2) showing that these results were consistent with the results we obtained with a chi-square test (Table S2) . To do so, we selected all 21 binary phenotypes and computed an association with all aSNPs by using (1) a chi-square test, (2) a logistic regression without any other covariates, (3) a logistic regression with age and sex as covariates, and (4) a logistic regression with age and sex as covariates and all interactions between age, sex, and genotype.
We found that the correlation between association p values with archaic alleles was between rho ¼ 0.99999 and rho ¼ 1 (Spearman's correlation) for the comparisons of (2) and (3) and of (2) and (4), suggesting that including age and sex has only a marginal impact on the estimation of the association p value.
To estimate the similarity between the results of a logistic regression without covariates (2) and those of a chi-square test (1), we also correlated association p values between the binary phenotypes and archaic alleles for (1) and (2) and found that they ranged between rho ¼ 0.65 and rho ¼ 0.67 (Spearman's correlation; all p << 1.0 3 10 À16 ), suggesting that both tests show highly similar results. Additionally, we correlated genotypes for all aSNPs used in this study with age and sex and found that there was no significant correlation between these two factors and the aSNP genotypes (false-discovery rate [FDR] < 0.05, min FDR sex ¼ 0.33, min FDR age ¼ 0.28).
These results suggest that age and sex have very little impact on our calculation of the phenotype association for binary phenotypes, and we infer that non-binary phenotypes are also not likely to be affected by these factors. Applying more sophisticated methods to the analysis of specific phenotypes could increase power to detect additional associations.
For both tests, we considered associations that reached p < 1.0 3 10 À8 as significant. This addresses the multiple-testing problem encountered when the associations between 136 phenotypes and approximately 6,000 aSNPs are evaluated (family-wise error rate ¼ 1.0 3 10 À8 3 6,000 3 136 ¼ 0.01).
Phenotypic Impact of Archaic and Non-archaic Alleles
For all tag aSNPs, we computed an association p value between genotype and phenotype for each phenotype. We then clustered
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To determine whether the archaic p value distributions were shifted to lower or higher significant p values than the non-archaic distributions, we determined the distances between the sets of archaic and non-archaic distributions. More specifically, for each phenotype, we computed empirical p values for the component aSNPs with associations p < 1.0 3 10 À4 and compared their cumulative density distribution with the 1,000 non-archaic cumulative density p value distributions (Table S3) . We selected the aSNP at which the distance between the archaic distribution and the non-archaic distribution was largest. We corrected all p values for each phenotype for multiple testing by using the BenjaminiHochberg approach.
Candidate-Gene Analysis and Molecular Mechanism
Given that archaic alleles are typically present on longer haplotypes that we cannot determine directly from the UK Biobank array data, we used the 1000 Genomes 14 (phase 3) individuals to identify aSNPs that were not directly genotyped in the UK Biobank. We computed LD between these by using PLINK (see Annotating Non-archaic and Archaic-like SNPs) and combined sets of aSNPs with r 2 > 0.8 between all pairs into a haplotype. We defined the borders of the inferred archaic-like haplotype to be the most distant two aSNPs (Table 1) . We then assigned all 13 candidate tag aSNPs with an association p value < 1.0 3 10 À8 (Table 1) to archaic haplotypes inferred from 1000 Genomes.
To determine the targets of these significantly associated aSNPs, we identified overlapping protein-coding genes (Ensembl version GRCh37) or assigned the haplotype to the nearest gene if there was no direct overlap. For each archaic-like haplotype, we identified protein sequence and regulatory variants among the aSNPs in each haplotype and computed the predicted effect of the amino acid changes by using the VEP. 17 Two of the haplotypes with significantly associated aSNPs carried an archaic missense allele (Table 1) . To determine whether significantly associated aSNPs might modify gene regulation, we used a previously published set of associations between archaic haplotypes and differential expression in 48 human tissues from the Genotype-Tissue Expression (GTEx) dataset. 18 Of the haplotypes with significantly associated aSNPs, eight were also associated with the expression change of a nearby gene (within 50 kb) in at least one tissue (Table 1) .
Testing whether Inferred Archaic Haplotypes Exceed the Length Expected by Incomplete Lineage Sorting
We tested whether the lengths of archaic haplotypes exceeded the length of segments resulting from incomplete lineage sorting (ILS) by using a conservative age of the Altai Neanderthal according to a mutation rate of 1.0 3 10 À9 per base pair per year and applying the approach presented by Huerta-Sánchez et al. 19 and the average recombination rates 20 at the inferred haplotype. We corrected the p values obtained from that approach for multiple testing by using the Benjamini-Hochberg method and added them to Table 1 .
Haplotype Trees for Candidate Loci
For each of the 13 inferred archaic haplotypes with significant phenotype associations, we extracted the genomic sequences of all 1000 Genomes phase 3 individuals, as well as the genome sequences of the Altai Neanderthal, Denisovan, and chimpanzee (pantro4) ( Table 1) . We removed non-variable sites and sites where either of the archaic individuals was polymorphic. We then clustered the haplotypes of the combined set of modern and ancient humans together with the chimpanzee into core haplotypes by combining haplotypes that differed by fewer than $1/1,000 bases. Rooted neighbor-joining trees based on the consensus sequences of the resulting core haplotypes and with chimpanzee as an outgroup were computed and are displayed in Figure S1 .
Results
We (Table S1 ). Linear or logistic regression is typically used in association testing to account for potentially confounding covariates such as sex, age, and ancestry. To avoid testing each of the categories independently, which vastly increases the complexity of the analysis, we applied two different tests: for continuous data, we applied Spearman's correlation to test for an association between each tag SNP and the phenotypic measurement, whereas for categorical data, we used a chi-square test to test for associations between tag SNPs and phenotypes (Material and Methods) and considered only associations that reached p < 1.0 3 10 À8 as significant. By comparing our results to those of linear models for subsets of the data, we found that covariates such as age and sex had very little impact on our calculations of phenotype association (Material and Methods and Table S2 ). For 11 phenotypes, a total of 15 associations reached genome-wide significance (p < 1.0 3 10 À8 ; Tables 1 and   S4 ). Among these 15 associations were Neanderthal alleles that increase both sitting height and height attained at age The American Journal of Human Genetics 101, 578-589, October 5, 2017 581 This table shows archaic alleles with genome-wide-significant associations (column 4, p < 1.0 3 10 À8 ) and their corresponding phenotype (column 1) and meta-phenotype (column 2). Only archaic alleles on confidently inferred archaic introgressed haplotypes are included. The archaic allele frequency in the UK Biobank cohort is given in column 5. Gene identifiers for overlapping or nearest genes (marked with an asterisk) are in column 8. Abbreviations are as follows: eQTL, expression quantitative trait locus; FDR, false-discovery rate; and ILS, incomplete lineage sorting.
10 years, alleles that reduce measures of leg impedance (suggesting reduced body fat composition), and alleles that increase resting pulse rate (Table 1) . Strikingly, more than half of the significantly associated alleles that we identified are related to skin and hair traits, consistent with previous evidence that genes associated with skin and hair biology are over-represented in introgressed archaic regions. 4, 9, 11 It was previously only possible to speculate about the precise effect of the introgressed alleles on skin and hair phenotypes on the basis of the genes that were in or near the introgressed haplotypes. We can now directly determine the effect of Neanderthal alleles on these traits in modern humans by correlating Neanderthal ancestry with phenotypes of individuals in the UK Biobank cohort.
The strongest association we found in this study was an archaic allele under-represented among red-haired individuals. This archaic allele is on an introgressed haplotype composed of 71 aSNPs and encompassing five genes: FANCA (MIM: 607139), SPIRE2 (MIM: 609217), TCF25 (MIM: 612326), MC1R (MIM: 155555), and TUBB3 (MIM: 602661) (rs62052168, p ¼ 3.7 3 10 À202 ; Figure 1 and Table 1 ). MC1R is a key genetic determinant of pigmentation and hair color and is therefore a good candidate for this association. More than 20 variants in MC1R have been shown to alter hair color in humans. [21] [22] [23] [24] [25] [26] [27] [28] None of the variants resulting in red hair in modern humans are present in either of the two high-coverage Neanderthal genomes that have been sequenced (Table S5) . Therefore, Neanderthals appear not to carry any of the variants associated with red hair in modern humans. Further, a Neanderthal-specific variant (p.Arg307Gly) postulated to reduce the activity of MC1R and result in red hair was identified by PCR amplification of MC1R in two Neanderthals. 29 However, this putative Neanderthalspecific variant is also not present in the Neanderthals genomes that have been sequenced to date, suggesting that if this variant was present in Neanderthals, it was rare. Using the high-coverage Neanderthal genomes, we identified only one additional Neanderthal-specific MC1R amino acid change for which the effect on hair color is unknown. However, it is polymorphic among Neanderthals, indicating that any phenotype that it confers was variable in Neanderthals (Table S5) . Finally, because the introgressed haplotype we identified in this cohort is underrepresented among red-haired individuals, we conclude that if variants contributing to red hair were present in Neanderthals, they were probably not at high frequency. We also identified strongly associated archaic alleles on two unlinked introgressed haplotypes near BNC2 (MIM: 608669), a gene that has been previously associated with skin pigmentation in Europeans. 30 The first archaic haplotype (chr9: 16,720,122-16,804,167) is tagged by an archaic allele (rs10962612) that has a frequency of more than 66% in European populations (Table S6 and Figure 1 ) and is associated with increased incidence of childhood sunburn (p ¼ 1. À14 ; Figure 1 and Table 1 ). These results suggest that multiple alleles in and near BNC2, some of which are contributed by Neanderthals, have different effects on pigmentation in modern humans. Our analysis identified six additional associations (p < 1.0 3 10 À8 ) contributing to variation in skin and hair biology at other introgressed loci ( Table 1) . The apparent variation in the phenotypic effects of Neanderthal alleles in this cohort demonstrates that it is difficult to confidently predict Neanderthal skin and hair color. Additionally, it is not clear that phenotypic inference from single variants for which a function is known on the modern human genetic background provides sufficient evidence for extrapolating effects in Neanderthals, especially given the challenges with predicting complex phenotypes in present-day humans on the basis of genomic data. 32 In addition to the introgressed haplotypes contributing to skin and hair traits, we also found two archaic haplotypes that contribute significantly to differences in sleep patterns ( Table 1) . One of the introgressed SNPs modifies the coding sequence of ASB1 (MIM: 605758; rs3191996, p.Ser37Lys; Material and Methods). Archaic alleles near ASB1 (tag aSNP: rs75804782; Figure 2 and Table 1 ) and EXOC6 (MIM: 609672; tag aSNP rs71550011; Table 1 ) are associated with a preference for being an ''evening person'' and an increased tendency for daytime napping and narcolepsy, respectively. Humans show wide variation in diurnal preferences and can be divided into ''chronotypes,'' which have been shown to have a genetic component. 33 Two previous studies of chronotypes identified strongly associated SNPs in the ASB1 region. 34, 35 Of the 540 SNPs with significant genome-wide associations in Hu et al. 34 (p < 1.0 3 10 À8 ), ten overlapped the region identified near ASB1, and four of these were labeled as introgressed archaic variants. Lane et al. identified two ASB1-adjacent SNPs that showed significant associations with chronotype.
35
Neither of these are of archaic origin, but they are in high LD with aSNPs on the associated haplotype (maximum r 2 ¼ 0.73, based on Europeans in 1000
Genomes phase 3), suggesting that these are not independent signals. Given the association scores calculated by Hu et al., 34 the association is stronger for the set of aSNPs (p values ranging from 3.4 3 10 À6 to 2.6 3 10 À9 ;
rs75804782 has the second-most-significant association at p ¼ 4.4 3 10 À9 ) than for the non-archaic SNPs reported by Lane et al. 35 (rs3769118, p ¼ 1. 9 3 10 À6 ; rs11895698, p ¼ 3.2 3 10 À6 ), suggesting that the association is likely to be driven by the introgressed archaic haplotype. Because the natural length of day-night cycles differs according to latitude and influences circadian rhythms, we tested for a correlation between the Neanderthal allele frequency at ASB1 and latitude in worldwide non-African populations. 36 We found a significant correlation between the frequency of the Neanderthal allele near ASB1 (rs75804782) and latitude (Spearman's rho ¼ 0.21, p ¼ 0.03). The fact that populations further from the equator have higher frequencies of the Neanderthal allele at ASB1 than populations nearer the equator ( Figure 2B ) is consistent with the influence of daylight exposure on circadian rhythm, 37 although the functional link between these genes and chronotype traits is unclear.
Given the large number of associations with skin and hair traits, it is tempting to speculate that Neanderthals might have had an outsized contribution to these phenotypes. However, the number of significant associations that can be identified for a trait is dependent on how polygenic the traits are and how they are measured. Power to measure the contribution of an allele depends also on the minor allele frequency. In the case of archaic alleles, which are generally less frequent ($1%-5%), this is of particular relevance. We therefore tested whether the impact of archaic alleles on particular traits is more or less than that of non-archaic alleles by comparing the contributions of archaic alleles with the contributions of 1,000 similarly sized sets of frequency-matched non-archaic tag SNPs. Phenotypes with an enrichment of low association p values for archaic alleles could indicate a larger-than-expected contribution of introgressed archaic DNA to these phenotypes, whereas an enrichment of low p values for non-archaic alleles suggests a lower contribution from archaic alleles to the phenotype. We note that our frequency matching of archaic and non-archaic alleles does not account for multiple other factors that might differ between these two sets of variants. For example, the longer haplotypes associated with archaic introgression mean that archaic variants might be more likely to occur together. However, it is unclear whether the higher number of archaic alleles on archaic haplotypes would increase or decrease the chance of being significantly associated with phenotypes in modern humans. We believe that further matching of, for example, haplotype length or number of SNPs of a haplotype introduces new potential biases and does not solve this problem. For each phenotype, we selected the lower tail of the p value distributions (p < 1.0 3 10 À4 ) for archaic and non-archaic SNPs and then tested whether the archaic p value distribution was significantly different from 1,000 non-archaic distributions (Material and Methods). For the majority of phenotypes (130/136), we found no difference between the relative contribution of archaic alleles and that of nonarchaic alleles, indicating that for most phenotypes measured here, Neanderthal alleles contribute phenotypic One archaic allele that leads to a missense mutation in ASB1 is marked as a green bar. (D) The cumulative density distribution of p values (zoom in for p < 0.01, x axis log scale) for associations between archaic alleles and chronotype (red line) and the 95% confidence interval region for 1,000 cumulative density distributions of associations between nonarchaic alleles matched to the Neanderthal allele frequency and chronotype (gray shading).
variation proportionally to non-archaic SNPs at similar frequencies (Table S3) . We detected six phenotypes where there was a significant difference between the p values distributions for archaic alleles and those for non-archaic alleles (FDR < 0.05). Neanderthal alleles contributed more variation in four behavioral phenotypes influencing sleep, mood, and smoking behaviors, suggesting that Neanderthal alleles contribute more to these traits than expected from their frequency in modern humans. Conversely, for two associations (ease of skin tanning and pork intake), non-archaic alleles showed lower association p values (Table S3 ), indicating that introgressed Neanderthal alleles contribute less than frequency-matched non-archaic alleles to these traits.
Discussion
Largely on the basis of disease cohorts and signatures of positive selection, a number of immune, skin, metabolic, and behavioral phenotypes have been suggested to be influenced by archaic ancestry. Using the UK Biobank cohort, we have now been able to test the contribution of introgressed Neanderthal alleles to 136 common, largely non-disease phenotypes in present-day Europeans. We found that skin and hair traits are over-represented among the most significant associations with archaic alleles. However, when we compared the contribution of alleles of Neanderthal origin with the contributions of alleles of modern human origin, we found that both archaic and non-archaic variants contribute equally to skin and hair phenotypes, consistent with a neutral contribution from Neanderthals and with the idea that Neanderthals themselves were likely to be variable with respect to these traits. In fact, for most associations, Neanderthal variants do not seem to contribute more than non-archaic variants. However, there are four phenotypes, all behavioral, to which Neanderthal alleles contribute more phenotypic variation than non-archaic alleles: chronotype, loneliness or isolation, frequency of unenthusiasm or disinterest in the last 2 weeks, and smoking status. Of these, the significant association between a Neanderthal variant in ASB1 and preference for evening activity also shows a correlation between the Neanderthal allele frequency and latitude, suggesting a link to differences in sunlight exposure for this phenotype. Additionally, the phenotype of increased frequencies of unenthusiasm or disinterest in the last 2 weeks was significantly associated with an archaic haplotype (chr5: 29,936,068-29,974,930; nearest gene: CDH6 [MIM: 603007]), and Neanderthal alleles also contributed more often to this phenotype than nonarchaic alleles. A number of the associations we detected, such as dermatological traits, smoking, and mood disorders, overlap associations found in previous studies. 4, 11, 12 Some of the psychiatric and metabolic phenotypes, such as obesity, identified in Simonti et al. 12 were not replicated in our study. We speculate that this might partially reflect differences in the criteria for cohort selection; individuals in the eMERGE cohort are already undergoing medical treatment, whereas volunteers for the UK Biobank cohort are not. Multiple phenotypes significantly influenced by Neanderthal introgression have some link to sunlight exposure. Given that Neanderthals had inhabited Eurasia for more than 200,000 years, they were most likely adapted to lower UVB levels and wider variation in sunlight duration than the early modern humans who arrived in Eurasia from Africa around 100,000 years ago. 38 Skin and hair color, circadian rhythms, and mood are all influenced by light exposure. We speculate that their identification in our analysis suggests that sun exposure might have shaped Neanderthal phenotypes and that gene flow into modern humans continues to contribute to variation in these traits today.
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Supplemental Data include one figure and six tables and can be found with this article online at https://doi. Figure S1:Divergence of the core haplotypes inferred for each of the archaic tag SNPs with significant phenotype associations.
We inferred core haplotypes (roman numerals) for each of the archaic tag SNPs with significant phenotype associations (Panels A-M) in the Phase III 1000 genomes individuals and computed neighbor-joining trees for these core haplotypes together with the genome sequences of the Altai Neandertal and the Denisovan and using the genome sequence of the chimpanzee as outgroup (Materials and Methods). Bootstrap values for the topology are shown in blue squares at each node (1,000 replicates). The number of times each core haplotype was observed in the 1000 genomes individuals is given on each branch alongside a pie chart illustrating the frequency of the core haplotype in each of the five continental super-populations. Core haplotype clusters to which haplotypes carrying the archaic allele for the archaic tag SNP are assigned are displayed with an additional pie chart showing the proportion of haplotypes in the cluster carrying the archaic allele (black) as well as the absolute number of haplotypes in the core haplotype cluster. Core haplotypes with fewer than 10 haplotypes assigned, are not shown. Table includes all UK Biobank phenotypes to which we had access (column 1, with meta phenotype provided by UK biobank in column 2). The 136 phenotypes included in this study are highlighted in bold. Column 3 provides format in which the 136 phenotype we included are represented and column
